Objective: Cognitive impairment (CI) is common in children with epilepsy and can have devastating effects on their quality of life. Early identification of CI is a priority to improve outcomes, but the current gold standard of detection with psychometric assessment is resource intensive and not always available. This paper proposes exploiting network analysis techniques to characterize routine clinical electroencephalography (EEG) to help identify CI in children with early-onset epilepsy (CWEOE) (0-5 y.o.). Methods: Functional networks from routinely acquired EEGs of 51 newly diagnosed CWEOE were analyzed. Combinations of connectivity metrics with sub-network analysis identified significant correlations between network properties and cognition scores via rank correlation analysis (Kendall's τ ). Predictive properties were investigated using a cross-validated classification model with normal cognition, mild/moderate CI and severe CI classes. Results: Network analysis revealed phase-dependent connectivity having higher sensitivity to CI, and significant functional network changes across EEG frequencies. Nearly 70.5% of CWEOE were aptly classified as normal cognition, mild/moderate CI or severe CI using network features. These features predicted CI classes 55% better than chance and halved misclassification penalties. Conclusions: CI in CWEOE can be detected with sensitivity at 85% (in identifying mild/moderate or severe CI) and specificity of 84%, by network analysis. Significance: This study outlines a data-driven methodology for identifying candidate biomarkers of CI in CWEOE from network features. Following additional replication, the proposed method and its use of routinely acquired EEG forms an attractive proposition for supporting clinical assessment of CI. * Corresponding author † Authors contributed equally to the work.
producing efficiency gains and cost savings. Graph network analysis of standard 23 routine clinical EEG recordings is one such potential technique. 24 Analysis of functional EEG networks offers a data-driven methodology for 25 understanding diverse brain conditions through the lens of network (connec-26 tivity) properties [12, 13] . Functional networks examined as graphs are well-27 established, and provide advantages in understanding changes in connectivity 28 across the brain, e.g. through exploiting properties like small-world topology, 29 connected hubs and modularity [13, 14, 15, 16, 17] . Insights into epilepsy, in-
30
cluding the severity of cognitive disturbances, outcomes of epilepsy surgery, and 
Methods

49
The data processing pipeline for each child is summarized in Figure 1 . 
Dataset
51
The details on study recruitment and assessments are reported elsewhere 52 [19] . In summary, newly diagnosed CWEOE of mixed epilepsy types and aeti-53 ologies were recruited as part of a prospective population-based study of neu-54 rodevelopment in CWEOE [20] . Parents gave approval for use of the standard, 72 Table 1 provides the demographic and clinical features for the CWEOE 73 which were included in this study. Given the broad anti-epileptic drug (AED) 74 therapies and aetiologies present in Table 1 
Pre-processing
88
EEG recordings were pre-processed in MATLAB using the Fieldtrip tool-89 box [22] . The EEG had a sampling rate of approximately 511 Hz. Recordings 
95
Prior to data processing, seizure activity in the EEGs were confirmed by 
Classification
244
A multi-class classification scheme was devised using the Weka toolbox [38, 245 39] . Class labels of normal, mild/moderate CI, and severe CI were applied.
246
Primary feature selection included all correlations identified by the statisti-247 cal analysis, thereby promoting interpretation of the retained network features.
248
Then, a second feature selection phase using nested 5-fold cross-validation se-249 lected prominent features via bi-directional subspace evaluation [40] . Within at least one network metric (outlined in Figure 3 ) and the cognition standard 
344
The resulting confusion matrix from the 5-fold cross-validated, cost-sensitive 345 classification analysis is seen in Table 5 .
346
The overall classification accuracy was defined as the number of true label choices between sensitivity and robustness for network analysis.
399
Of interest for paediatric populations is the CST's capability to identify measure of a network's heterogeneity [46] . As such, the negative variance degree 
433
The disrupted networks may then be reflected by the continued heterogeneity 434 and local connectivity of low frequency structures in impaired children.
435
Being able to predict the likely extent of CI using the identified markers analysis. For in-depth reviews see [56, 13] , and for further reading [12, 57, 58] .
887
Cross-spectrum
888
Functional EEG connections are established through measures of interdependency between signals s i and s j [58] for any pair of EEG channels i and j. A common measurement for examining this interdependency is the crossspectrum function S ij (f ) [59, 24, 58] . Formally, let x i (f ) and x j (f ) be the complex Fourier transforms of the time series signals s i and s j for any pair (i, j) of EEG channels. Then the cross-spectrum can be calculated as
where † indicates the complex conjugation, and refers to the expectation value
889
(also written as E{}) [24] .
890
Imaginary Part of Coherency (ICOH)
891
Coherency is defined as the normalized cross-spectrum [24] :
Therefore, the imaginary part of coherency is defined as [24] ICoh ij (f ) ≡ Im{C ij (f )} (A.3)
where Im{} refers to taking the imaginary part of a value, in this case the 892 complex coherency measure.
893
Phase-Slope Index (PSI)
894
The PSI is defined as: 
